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Abstract 
 
Fisheries managers have the potential to significantly improve reef fish management in 
the Gulf of Mexico through the use of ecosystem-based approaches to fisheries management.  
Ecosystem-based approaches are needed to address the effects of fishing on trophodynamic 
interactions, to better account for ecosystem-scale processes in model projections, and to 
recognize the short and long-term biomass tradeoffs associated with making regulatory 
choices.  My research was concentrated around three objectives: (1) characterizing the 
trophodynamic interactions between Gulf of Mexico fishes, in order to construct an invaluable 
tool (a Gulf of Mexico Atlantis model) to be used in ecological hypothesis testing and policy 
performance evaluation for years to come; (2) predicting ecological indicators for the Gulf of 
Mexico that both respond to fishing pressure and are robust to observational error, and; (3) 
evaluating the performance of an ecosystem-based policy options for managing reef fish 
species in the Gulf of Mexico.  To accomplish these objectives, a spatial, trophodynamic 
ecosystem model- Atlantis, was employed to represent the Gulf of Mexico marine ecosystem.   
To characterize trophic interactions between modeled species, I applied a maximum 
likelihood estimation procedure to produce Dirichlet probability distributions representing the 
likely contribution of prey species to predators’ diets.  This provided mode values (the peak of 
the distribution) and associated error ranges, which describe the likely contribution of a prey 
item in a predator’s diet.  The mode values were used to parameterize the availabilities (diet) 
matrix of the Gulf of Mexico Atlantis model.  Investigating trophic interactions was useful for 
vii  
determining which species within the Atlantis model were data rich, and justified the emphasis 
on reef fish species and their prey items in subsequent analyses.   
Once parameterized and calibrated, I used the Atlantis model to project ecological 
indicators over a 50 year time horizon (2010-2060) under varying levels of fishing mortality.  
Principal component analysis was used to evaluate ecological indicator trajectories in 
multivariate space, to rank indicators according to how well they describe variability in 
ecosystem structure (termed ‘importance’), to reveal redundancies in the information 
conveyed, to quantify interannual noise and to determine how robust indicators are to 
observational error.  Reef fish catch, Red snapper biomass, King mackerel biomass and 
Species richness indicators ranked the highest in terms of importance and robustness to error 
and in having low levels of interannual noise (i.e., requiring less frequent monitoring).  I then 
used a management strategy evaluation (MSE) framework in Atlantis to evaluate some of these 
same indicators under an ecosystem-based approach to fisheries management – using robust 
harvest control rules to manage reef fishes.  I found that this ecosystem-based policy option 
was able to maintain higher reef fish biomass, catch and ecosystem-wide biodiversity under any 
given level of fishing mortality when compared to a status quo management approach.  These 
results suggest that harvesting under the HCRs encourages an alternative ecosystem state with a 
more Pareto-efficient tradeoff frontier than the status-quo policy.  A potentially reduced 
extinction risk for reef fish is plausible under this ecosystem-based policy option.  
This research provides a quantitative look at the fishery performance and ecological 
tradeoffs associated with various policy options.  MSE methodology using ecosystem-based 
policy performance metrics is also demonstrated.  Tool development and findings from this 
research should aid in the development of ecosystem-based policies for this region. 
1  
 
 
Chapter 1. Introduction 
The Gulf of Mexico (GoM) is a biologically diverse ecosystem that is home to many 
valuable and culturally important fisheries (Karnauskas, 2013).  To date, fisheries 
management has been challenged by the plethora of integrated ecosystem processes driving 
the distribution and abundance of marine fishes. These confounding ecosystem processes 
make sustainably managing the Gulf’s marine resources quite complex.  Often these 
processes are unaccounted for in single-species stock assessments, making stock assessment 
predictions uncertain (Walters and Martell, 2004).  To more holistically account for these 
integrated-ecosystem dynamics, fisheries managers have begun implementing ecosystem-
based fisheries management (EBFM) strategies (Brodziak and Link, 2002; Busch, 2003; 
Garcia et al. 2003, NOAA, 2003; FAO, 2003; Christensen and Walters, 2004; Link, 2010).  
EBFM strategies often involve some type of multi-species, biophysical or biochemical 
modeling that can predict the effects of fishing on food web structure, account for uncertain 
environmental processes, and quantify the short and long-term tradeoffs associated with 
making regulatory choices (Busch, 2003; NMFS, 2004; Link, 2010).   
A fertile area of EBFM research is the design and implementation of trophodynamic, 
ecosystem simulation models for use in ecological hypothesis testing.  Ecosystem simulation 
models have been used to address a wide range of conceptual, strategic and tactical hypotheses, 
in a multi-species context (e.g., Walters et al. 1997, Fulton et al. 2004a; Kazanci, 2007; Chagaris 
and Mahmoudi, 2013; Gray et al. 2013; Gruss et al. 2014).  One successful ecosystem modeling 
platform is Atlantis, an end-to-end ecosystem model, which can be used to dynamically 
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simulate the physical, chemical and biological interactions within a marine ecosystem (Fulton 
2001; Fulton et al. 2004a, 2004c, 2005, 2007).  This dissertation describes the development of 
a food web for an Atlantis model (Chapter 2), identification of management indicators to 
evaluate the success of management policies from a whole-ecosystem perspective (Chapter 3) 
and ultimately builds to test a series of potential EBFM harvest strategies (Chapter 4).  The 
tools and methodologies developed here will aid transition towards ecosystem-based 
management policies for the Gulf of Mexico. 
In each chapter there were several coauthors that participated in evolving these studies. 
Thus, throughout each chapter ‘we’ is used to reference myself and the coauthors who 
contributed to each individual manuscript. However, it was I who carried out the work in 
each analysis. In Chapter 2, Dr.’s Cameron Ainsworth and Dave Chagaris were my 
coauthors. In Chapter 3, Dr.’s Cameron Ainsworth and Dave Jones were my coauthors . The 
manuscript developed from analyses conducted in Chapter 2 is currently in review for 
publication in the Journal of Ecological Indicators. In Chapter 4, Dr.’s Cameron Ainsworth, 
Isaac Kaplan and Michael Schirripa were my coauthors. This manuscript is currently in 
review at the Southeast Fisheries Science Center (SEFSC).  
In Chapter 2, A Probabilistic Representation of Fish Diet Compositions from Multiple 
Data Sources: A Gulf of Mexico Case Study (Masi et al. 2014; Ecol Modell 284(2014): 60-74), 
I derived the likely contribution of a prey item in a predator’s diet using a statistical procedure 
that accounts for uncertainty in diet observations.  The functionality of the GoM Atlantis 
model (and ecosystem models in general) hinges on the accurate representation of the trophic 
interactions occurring within the model domain.  Typically, ecosystem models are developed 
using point-value diet composition estimates that are obtained from simply averaging across 
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prey items in a predator’s diet.  However, this ‘simple’ methodology fails to account for the 
uncertainty surrounding point-value estimates and tends to over-estimate the contribution of 
rare feeding events (Masi et al. 2014).  Thus, here I derived the likely contribution of a prey 
item in a predator’s diet that more accurately accounts for the uncertainty in diet observations.  
This work was largely weighted by stomach samples collected along the West Florida Shelf 
(WFS), thus my subsequent analyses focused more specifically on reef fishes prevalent 
throughout this area of the GoM.  The results from this study were used to parameterize the 
GoM Atlantis model, which is used in Chapters 2 and 3.  
In Chapter 3, Using a Gulf of Mexico Atlantis model to evaluate ecological indicators for 
sensitivity to fishing mortality and robustness to observation error (Masi et al. 2016; Ecol 
Indicators, in review) we used the GoM Atlantis model to describe ecological indicators that are 
sensitive to changes in fishing mortality and whose descriptive power is reduced least by the 
addition of observation error (i.e., ‘robust’).  Here, we run forward-looking, GoM Atlantis 
model simulations to estimate indicator trajectories over a thirty year time horizon (2010-
2040).  Indicator behavior was evaluated using Principal Components Analysis (PCA).  The 
results from this study, (1) described indicator performance (in terms of an indicator’s ability 
to describe changes in the ecosystem), (2) quantified redundancy in information conveyed, (3) 
detailed the degree to which indicators are robust to observational error, and (4) examined the 
interannual noise within indicator trajectories which relates to the required sampling 
frequency.  Several of the indicators highlighted in this work were used for tracking ecosystem 
changes in the analyses conducted in Chapter 4. 
In Chapter 4, Evaluation of robust single-species harvest control rules for managing reef 
fish in the Gulf of Mexico, I ran forward-looking Atlantis model simulations (2010-2060) to 
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evaluate the efficacy of using an EBFM approach to managing reef fish species in the GoM.  
The objective of this study was to provide a quantitative look at the fishery performance and 
ecological tradeoffs associated with prescribing various policy choices, and to aid in the 
evaluation of ecosystem-based fisheries management policies for this region.  This was done 
using a management strategy evaluation (MSE) process.  MSE is designed to simulate a 
‘closed-loop’, management decision making process and relies on a harvest control rule (HCR) 
to adjust fishing mortality (F) each year based on the available biomass of assessed functional 
groups (i.e., aggregated groups of species that share a similar niche).  In this study, we (myself 
and the contributing coauthors- Dr.’s Cameron Ainsworth, Isaac Kaplan and Michael 
Schirripa) quantified the performance of robust, 2-point HCRs in sustainably managing 
targeted reef fish species in the GoM.  The results from this study provide managers with a 
platform for promoting EBFM strategies and an explicit representation of the tradeoffs 
associated with establishing 2-point harvest control rules (as an alternative to the current suite 
of single-species fisheries management policies) in this region. 
A major goal of this research was to provide fisheries managers and researchers with an 
evolvable tool that will allow for continued evaluation of EBFM strategies for years to come, 
and to provide a better understanding of the trophodynamics that drive the distribution and 
abundance of marine fishes in the GoM.  The common theme of my dissertation research was 
to progress the field of EBFM, by first developing an Atlantis model to represent the GoM 
marine ecosystem and then to use the GoM Atlantis model to predict the ecosystem-level 
tradeoffs between using existing (i.e., single-species) approaches as opposed to adapting a 
more holistic (EBFM) policy option, using 2-point HCRs.  Process and observational 
uncertainty are accounted for throughout Chapter 2, 3 and 4, and a management strategy 
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evaluation framework is employed in Chapter 4 to quantify EBFM metrics under various 
policy options.  Overall this research demonstrates that fishing can have strong implications on 
the structure and function of marine ecosystems, and that ecosystem-based management 
policies have the potential to change the qualities of the ecosystem leading to increased 
biodiversity, increased fishery yields, and reduce extinction risk.  
1.1 Literature Cited 
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Chapter 2.  A Probabilistic Representation of Fish Diet Compositions from Multiple Data 
Sources: A Gulf of Mexico Case Study 
 
2.1 Research Overview 
Appendix A - A probabilistic representation of fish diet compositions from multiple data 
sources: A Gulf of Mexico case study 
 
The research presented in chapter two was previously published in the journal of 
Ecological Modelling. Below is a summary of the research findings from this 
publication which is reprinted from A Probabilistic Representation of Fish Diet 
Compositions from Multiple Data Sources: A Gulf of Mexico Case Study, 284: 
60-74 (2014), with permission from Elsevier, in Appendix A (pg. 90).  The 
functionality of trophic ecosystem models is dependent upon an accurate 
representation of the trophic interactions occurring within a study area. However, 
typical methods for developing a diet matrix to be used in ecosystem models often 
fail to account for uncertainty associated with sampling- this is especially relevant 
when dealing with small diet data sets.  By applying a maximum likelihood 
estimation method, I combined multiple data sets and produced maximum 
likelihood estimates (MLEs) and their associated error ranges. These mode values 
describe the likely contribution of a prey item to a predator’s diet. I then use the 
mode values to develop a preliminary Gulf of Mexico food web diagram, 
depicting the trophic interactions occurring between aggregated groups of species 
within our model study area.  The results of this chapter were used to 
parameterize the availabilities (diet) matrix of a GOM Atlantis ecosystem model. 
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Chapter 3.  Using a Gulf of Mexico Atlantis model to evaluate ecological indicators 
for sensitivity to fishing mortality and robustness to observation error 
 
3.1 Introduction 
The implementation of ecosystem-based fisheries management (EBFM) has 
become a central need in the Gulf of Mexico (GoM) as ecotourism and aquaculture 
expand and compete with the GoM’s $11 billion fishing and fishing-related industries 
(USDI and USDC, 2006; NMFS, 2010; FWC, 2011; Karnauskas et al. 2013).  To meet 
this need, NOAA has developed the Integrated Ecosystem Assessment (IEA) program.  
The IEA program has already seen successes in other regions of the United States (e.g. 
the California Current and Puget Sound management areas) (see 
http://www.noaa.gov/iea/ for a list of project and products).  The importance of using 
IEAs in a fisheries management context is that they address the effects of fishing on food 
web structure and function, account for environmental variation, and quantify the short 
and long-term tradeoffs associated with making regulatory choices (Levin et al. 2009; 
Levin et al. 2013).  
For the IEA program to be successful in achieving sustainable management of 
marine resources in the GoM, it is essential to first define a list of ecological indicators 
that detect variability in ecosystem structure and function as related to management 
objectives (Link, 2005; Rice and Rochet, 2005; Karnauskas et al. 2013; Levin et al. 
2009).  Indicators should be measurable, robust to observation and process uncertainty, 
and usable in an adaptive management approach where desirable ecosystem states can be 
10  
predefined and agreed upon by stakeholders (Karnauskas et al. 2013; Levin et al. 2009, 
Cury et al. 2005).  Management efforts could then be focused on monitoring indicators 
over time to determine if management objectives are being met, and responding to the 
condition of the ecosystem (Walters, 1986; Sainsbury et al. 2000; Fulton et al. 2005).  
Recent studies have focused on defining ecological indicators in an effort to better 
understand the impacts of fishing on marine ecosystems (Murawski, 2000; ICES, 2001; 
Fulton et al. 2005; Methratta and Link, 2006; Karnauskas et al. 2013).  The GoM IEA 
program highlighted indicators for use in tracking ecosystem components (Karnauskas, 
2013).  A formal evaluation of these indicators has not yet been conducted but is required 
in order to determine which indicators are both sensitive to changes in fishing mortality 
(F) and robust to observational uncertainty (i.e., measurement error).  These are important 
considerations given the practical issues in maintaining technically consistent and 
consistently funded monitoring programs. 
An economical method for evaluation of indicator performance is through the use 
of numerical multi-species models (Shannon et al. 2009, Coll et al. 2006, Smith et al. 
2015, Fulton 2005, Methratta and Link 2006).  A benefit of using such models is the 
ability to control for factors that would otherwise influence indicator behavior.  The 
reductionist approach provides less ambiguous results than using sampling data from real, 
highly-complex, marine ecosystems.  
We have adapted our method for evaluation of indicators from Fulton et al. (2005) 
and Methratta and Link (2006).  Using an Atlantis ecosystem model of the GoM, we 
project ecosystem changes through time under a range of fishing rates.  Outputs from 
Atlantis are used to calculate 25 ecological indicators, including those identified by 
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Karnauskas et al. (2013) as being potentially useful to stock assessment and the IEA 
program in the GoM.  The indicators meet the criteria of being easily calculable from 
ecosystem models and from standard data collected by state and local fisheries 
management agencies.  We confirm whether indicators are sensitive to changes in F, we 
examine indicator performance in terms of their ability to describe changes in the 
ecosystem, we assess redundancy in information conveyed, we estimate the degree to 
which indicators are robust to observational error, and we examine the interannual noise 
within indicator trajectories, which relates to the required sampling frequency.  
3.2 Methods 
3.2.1 Ecosystem model 
Atlantis is a 3D, spatially-explicit, trophodynamic model that integrates biology, 
physics, chemistry and human impacts (e.g. the effects of fishing on ecosystem structure) 
to provide a synoptic view of marine ecosystem function (Fulton 2001, Fulton et al. 
2004a, 2004c, 2005, 2007).  The parameterization and calibration of the 2010 GoM 
Atlantis model used in this study is described in Ainsworth et al. (2015).  Drexler and 
Ainsworth (2013) set initial biomass distributions and Masi et al. (2014) and Tarnecki et 
al. (2016) developed the diet matrix.  Only features of the GoM Atlantis model pertinent 
to this study are reviewed here.  
The model includes 91 functional groups.  These consist either of a single species 
(typically harvested, charismatic or keystone species) or an aggregated group of species 
sharing similar diet habits and niches (Table 3.1).  For vertebrates, numbers are tracked 
by age class as well as average individual body weight.  Body weight is composed of 
structural nitrogen (skeletal and other material that cannot be reabsorbed) and reserve 
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nitrogen (fats and other tissues that can be broken down when food is scarce or lost in 
spawning as gonadal weight).  Invertebrates are tracked as (total nitrogen) biomass pools 
and are not age structured. 
The polygon structure designed for the GoM Atlantis model reflects meso-scale 
circulation and bioregional features of the GoM; development is discussed in Ainsworth 
et al. (2015) (Figure 3.1).  Each polygon has associated with it weightings that represent 
the prevalence of certain physical habitat types, while prevalence of biogenic habitat 
types (e.g., seagrass beds) is linked to the biomass of habitat-forming functional groups.  
Habitat availability in the model impacts the distribution of functional groups at run time 
according to a habitat affinity matrix. 
The model represents the ecosystem as it appeared in 2010.  Fishing fleets were 
assigned based on gear type, targeted species, bycatch and selectivity patterns (Ainsworth 
et al. 2015).  Spatial and seasonal closures of fisheries are included as Marine Protected 
Area (MPAs). There are roughly 60 closed areas, MPAs, included in the 2010 model.  
Thus, the availability of a functional group to fisheries is limited by realistic spatial and 
temporal constraints on fishing.  Additional assumptions include density dependent 
movement of predators toward areas with high prey availability, and seasonal and annual 
migration into and out of the model domain (Fulton et al. 2004a).  
3.2.2 Indicator sensitivity to variable fishing mortality 
The indicators that were chosen for vetting in this study (Table 3.2) were based on 
previous indicator analyses (Fulton et al. 2005; Methratta and Link, 2006; Karnauskas et 
al. 2013).  The indicators are calculated in R (CRAN 2013), based on Atlantis outputs 
and include functional group biomass, numbers, reserved and structural nitrogen weight 
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per individual, and catch.  We confirm whether indicators are sensitive to changes in F by 
plotting their trajectories over time for three fishing scenarios.  The fishing scenarios are: 
(1) Fmult x 1- the “status quo”, which represents the fishing mortality rate for harvested 
functional groups in 2010, (2) Fmult x 2- doubling the status quo F rate and (3) Fmult x 0.5- 
halving the status quo F rate.  The Fmult value is applied as a static scaler on the 2010 
fishing rate for each functional group and maintained throughout the simulation.  F is 
varied in this way for each harvested functional group.  Scenarios are run for thirty years 
(2010-2040).  
In order to account for the possibility that a much higher F would be needed to 
impact large biomass groups (e.g. zooplankton biomass), we then assess each indicator 
trajectory using an Fmult x 10.  If an indicator trajectory was unalterable even under the 
Fmult x 10 scenario we assume it is insensitive to variable fishing mortality.  Six of the 25 
indicators were found to be insensitive to fishing, so subsequent analyses use only 19 
indicators.  
3.2.3 Including observation error 
In order to determine how robust indicators are to observational error, we 
calculate indicators based on Atlantis outputs directly (representing perfect knowledge of 
the system) and based on Atlantis outputs that have had error introduced (representing 
data more typical of real-world sampling programs).  Indicators whose descriptive power 
is reduced least by the addition of error are considered more robust.  Random normal 
error was added to the outputs from Atlantis using a mean of zero and an assumed 
coefficient of variation (CV) of 0.2. Error was added to biomass, numbers, reserve 
nitrogen, structural nitrogen and catch.  This error is meant to represent observational 
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uncertainty typically associated with survey data.  A more precise accounting of error in 
survey data is not practical since indicators are calculated here for a wide range of species 
(which would be sampled by many different means) and represent multiple data types 
(biomass, body weight and numbers).  Thus, we have produced 6 matrices of indicator 
outputs: (1) Fmult x 1, (2) Fmult x 1 + error, (3) Fmult x0.5, (4) Fmult x0.5 + error, (5) Fmult x2, 
and (6) Fmult x2 + error.  Each matrix consists of 19 indicators sampled annually for 30 
years plus the initialization year (19x31).  For each scenario involving error we evaluate 
ten random draws.  
3.2.4 Statistical Analysis 
Principal Component Analysis (PCA) was used to evaluate indicator trajectories 
in multivariate space, to rank indicators according to their explanatory power, and to 
examine redundancies in the type of information they convey.  This was performed for 
each of 33 indicator matrices (i.e., the 3 fishing scenarios without error and 3x10 
corresponding fishing scenarios with error).  To ensure validity in using a Euclidean-
based ordination in this ecological application, a Mantel Test was conducted to compare a 
Euclidean-based dissimilarity matrix to one based on a Bray Curtis dissimilarity matrix.  
The Mantel test indicated a Euclidean-based ordination would be appropriate for the 
analyses of our 19 indicators based on significant (p = 0.001) congruence between these 
ordination methods (r = 0.98).  The collection of statistical procedures used in this study 
is available in Jones (2015). 
Prior to inputting the indicator matrices into the PCAs, a 4th root transformation 
was performed on functional group biomass in each matrix in order to get all indicators 
within the same order of magnitude.  There are multiple indicators measured in biomass 
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(metric tons), thus it is important to first transform the biomass data in this way in order 
to down-weight the importance of more abundant taxa (e.g. zooplankton biomass versus 
Gag biomass).  The PCAs were then performed using a correlation matrix in order to 
account for different units of measure in our indicator matrices (e.g. Mean trophic level 
versus Gag biomass).  
PCA ordination plots show indicators that are redundant in describing variations 
in ecosystem dynamics and indicators that contain unique information.  Indicator 
redundancy can be seen when the eigenvector(s) (plotted as arrows on the PCA 
ordination plots) of two or more indicators ordinate on top of each other.  Indicators that 
provide unique information can be seen when the eigenvector of a particular indicator 
plots independent from other eigenvectors 
3.2.5 Calculating indicator importance 
The PCA returned normalized eigenvectors (U) of unit length for each indicator.  
Each eigenvector was then scaled by the eigenvalues (V) to a length equivalent to its 
standard deviation (U', Equation 3.1) (Legendre & Legendre, 2012), thus providing a 
relative measure of importance of each indicator. These importance measures were 
expressed as proportions of the total variability of the data explained by each indicator 
(Equation 3.2) (Legendre & Gallaher, 2001). 
𝑈𝑖
′ = 𝑈𝑖 √𝑉𝑖                      Equation 3.1 
𝑃𝑖 =
𝑈𝑖
′2 
∑ 𝑈𝑖
′2𝑝
𝑖=1
                      Equation 3.2 
Here, 𝑈𝑖 is the eigenvector value of indicator 𝑖 along PC1 and 𝑉𝑖 is the eigenvalue 
of indicator 𝑖 along PC1.  𝑈𝑖
′ is importance of indicator 𝑖 in explaining variation in PC1.  
𝑃𝑖is the proportion of the total variability explained by indicator 𝑖, or percent variation 
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explained, hereafter referred to as ‘importance’.  Deriving the importance of the 
indicators in this way allows us to compare outputs between multiple PCAs, which is an 
essential component to this analysis as one of our goals is to determine which indicator's 
explanatory power is diminished in the presence of error. 
3.2.6 Robustness to added observational error 
To quantify how robust an indicator is to uncertainty, we derive the absolute 
difference in the change in the indicator importance value, measured as in Equation 3.3: 
𝑅𝑖 =  |(𝐼𝑖 − 𝐼?̅?,𝑤𝑖𝑡ℎ 𝑒𝑟𝑟𝑜𝑟)|         Equation 3.3 
where 𝐼𝑖 is the importance value of indicator 𝑖 before error is added and 
𝐼?̅?,𝑤𝑖𝑡ℎ 𝑒𝑟𝑟𝑜𝑟 is the mean importance value of indicator 𝑖 after error is added (the mean is 
derived from 10 random error draws).  We rank the ‘robust to error’ metric (𝑅𝑖) for the 
19 indicators in order of those that changed the least to those that changed the most with 
the introduction of error (i.e., from low to high, where low indicates that the indicator is 
trustworthy despite observation error). 
3.2.7 Calculating interannual noise of indicators 
To better understand how often managers may need to monitor these indicators in 
a real world setting, some index to describe the interannual noise of an indicator would be 
helpful.  However, because our list of 19 indicators contains different units of measure 
(e.g. tons versus mean trophic level) a direct comparison of the interannual noise is not 
adequate.  Even a measure of the relative rate of change would be misleading since the 
natures of these indicators are quite different.  For example, a 5% change in Kempton’s 
biodiversity metric or in mean trophic level implies massive changes in the ecosystem, 
while a 5% change in the biomass of an r-selected species is probably unremarkable from 
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a conservation and management perspective.  Thus, the benchmark that we have used is 
the sum (D) of the annual changes in PC score’s position along an eigenvector, 
representing the underlying gradient of an indicator variable.  This corresponds to 
interannual changes in the amount of variation explained along the 1st and 2nd principal 
component axes.  We use the sum of absolute distances rather than the sum of squared 
distances so as to not down-weight small distances traveled (Equation 3.4).   
𝐷 = ∑ |𝑑𝑡+1 − 𝑑𝑡|𝑡           Equation 3.4 
The 1-dimensional positions of the PC score (𝑑𝑡) in each year (t) are projected 
onto the eigenvector intercepting (x2, y2) based on the scores’ position on the 1st and 2nd 
principal component axes (x1, y1) (Equations 3.5 and 3.6). 
𝑑 = sin 𝜃 ∙ (𝑦2 − 𝑥2 tan 𝜃) + 𝑥2 cos 𝜃⁄        Equation 3.5 
𝜃 = tan−1(𝑦1 𝑥1⁄ )          Equation 3.6  
𝜃 is the angle of the eigenvector in radians. 
3.3 Results 
3.3.1 Sensitivity to fishing 
To determine whether an indicator is insensitive to fishing mortality, we first 
assess whether the indicator trajectories change over time among the three fishing 
mortality scenarios, Fmult x 1, Fmult x 2 and Fmult x 0.5.  For example, if the trajectory (e.g. 
Gag biomass) declined under Fmult x 2 (high fishing mortality) but increased under Fmult x 
0.5 (low fishing mortality) then the indicator is deemed sensitive to variable fishing 
mortality rates.  If the indicator trajectories did not change under these three fishing 
mortality scenarios and remained unchanged even under the Fmult x10 scenario, we then 
assume that the indicator is insensitive to variable fishing mortality.  The indicators found 
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to be insensitive to changes in F were primary productivity, manatee biomass, seagrass 
biomass, oyster biomass, sea bird biomass and forage fish catch 
3.3.2 Redundancy and importance value of indicators amongst F and error scenarios 
One example of two redundant indicators can be seen in the Fmult x0.5 (without 
error) PCA (Figure 3.2a), where the PCA ordination projects both the Menhaden and 
Forage fish age structure indicators (forage quality indicators) nearly on top of one 
another.  Thus, these two indicators are describing the exact same information (i.e., they 
both increase by comparable magnitudes over time).  The Gag age structure and King 
mackerel biomass and the Pelagic to Demersal and Shannon indicators are also redundant 
with one another in this fishing mortality scenario (Figure 3.2a).  Here, the Species 
richness indicator is an example of an indicator that has a distinctly opposite trend from 
the other indicators (Figure 3.2a).  In this F scenario, Species richness is 8.4 times larger 
at the end of simulation than it is at model start (0.055 to 0.46, units are in numbers of 
species).  When two or more eigenvectors share similar directionality in a PCA 
ordination it is indicative of trajectories that vary similarly over time.  For example, the 
Reef fish catch, Gag biomass and Red snapper biomass indicators all decline under the 
Fmult x0.5 (without error) scenario (Figure 3.2a).   
In the Fmult x1 (without error) PCA (Figure 3.2b), the Menhaden biomass and 
Zooplankton biomass indicators are redundant, as are the Pelagic to demersal ratio and 
Shannon biodiversity indicators.  Further, the Gag condition factor, Piscivore to 
planktivore ratio, Mean trophic level, etc. indicators, which are all related to exploited 
stock health, share similar directionality because all of these indicator trajectories are 
decreasing over time.  The forage biomass related indicator eigenvectors (i.e., the Forage 
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fish biomass, Menhaden biomass and Zooplankton biomass indicators) ordinate on the 
opposite side of PC1 because their trajectories increase over time.  For example, 
Menhaden biomass increases from approximately 7 million tons at model start to 32 
million tons in year 30.    
In the Fmult x2 (without error) PCA, the Forage fish age structure and Menhaden 
age structure eigenvectors are redundant with one another, as are the Gag condition factor 
and King mackerel biomass indicators and the Mean trophic level and Piscivore to 
planktivore ratio indicators (Figure 3.2c).  Further, in the Fmult x2 (without error) scenario 
eigenvectors begin tracking together in four apparent directions.  Indicator eigenvectors 
related to exploited stock health have similar trends, which are either declining (e.g. Gag 
biomass and Reef fish catch) or remain stagnant over time (e.g. Mean trophic level).  
Non-exploited stock health and biodiversity indicators (e.g. the Elasmobrach biomass, 
Dolphin biomass and Shannon) track in the same direction because these indicators start 
high, decline and then return back to (near) initial conditions at equilibrium (i.e., the last 
few years of the simulation).  Whereas, the forage related indicator eigenvectors share 
similar directionality in this fishing scenario because they increase over the modeled time 
period. 
It is important to note that although indicators appear redundant with one another 
in one fishing mortality scenario, they are not necessarily redundant among the three 
assessed PCAs (Figures 3.2b and 3.2c, respectively).  For example, the Pelagic to 
demersal ratio indicator is redundant with Shannon biodiversity at Fmult x0.5 (Shannon 
and Weaver, 1949), but is not redundant with Elasmobranch biomass as it was in the Fmult 
x2 scenario.  The only indicators that remained redundant (describe the same variability) 
20  
under all three different F levels were the Menhaden age structure and Forage fish age 
structure indicators.  
In addition to redundancy information, the results from the PCAs also allow us 
derive the importance value of each indicator under different levels of fishing mortality 
with and without added error (Figure 3.3).  Looking first at the importance of indicators 
without added error (black bars), we found that in the Fmult x1 scenario the top five most 
important indicators were Red snapper biomass, Reef fish catch, King mackerel biomass, 
Gag age structure and the Mean trophic level indicators (Figure 3.3a).  The importance 
values for these five indicators were 7.19%, 7.18%, 7.14%, 6.93% and 6.82%, 
respectively. In the Fmult x0.5 scenario, the top five most important indicators were King 
mackerel biomass (6.70%), Red snapper biomass (6.69%), Species richness (6.59%), Gag 
biomass (6.55%) and Gag age structure (6.39%) (Figure 3.3b).  In the Fmult x2 scenario, 
the top five most important indicators were the Shannon (7.19%), Menhaden biomass 
(7.18%), Red snapper biomass (7.16%), Reef fish catch (7.04%) and the Mean trophic 
level indicators (6.85%) (Figure 3.3c).  It should be noted that Red snapper biomass ranks 
in the top 5 ‘most important’ for all three fishing scenarios without error, and Gag age 
structure, Reef fish catch, King mackerel biomass and Mean trophic level ranked in the 
top 5 or 6 in all scenarios without error.  Thus, these five indicators show consistency in 
their importance value regardless of fishing intensity.  
3.3.3 Indicators that are ‘most robust’ to error 
Robustness to error (𝑅𝑖) is presented in Figure 3.3 (a), (b) and (c) (grey bars).  We 
have bolded the top 10 ‘most robust’ to error indicators in each of the three fishing 
scenarios (Table 3.3).  Many of the indicators whose importance value ranked in the top 5 
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in the fishing scenarios without error still efficiently explain the variation in the PCAs 
despite the introduction of observation error.  Our results show that seven of the top 10 
robust to error indicators (those bolded in Table 3.3) rank in the top 10 of importance 
(those that are shaded in grey in Table 3.3) amongst fishing scenarios.  Thus, these seven 
indicators (Gag age Structure, Red snapper biomass, Shrimp biomass, Menhaden Age 
Structure, Forage fish biomass, Forage fish Age structure and Elasmobranch biomass) 
appear to be consistently robust to error under the modeled levels of F (Fmult x1, Fmult x0.5 
and Fmult x2).  In all three fishing scenarios the 𝑅𝑖 of the indicator Gag condition factor 
was found to be the least robust to error (i.e., it has the greatest 𝑅𝑖 value among model 
scenarios).   
We found that indicators whose importance values change considerably after 
adding error tend to be those that account for large scale changes in ecosystem structure 
(e.g. Reef fish catch, Pelagic to demersal ratio, Piscivore to planktivore ratio).  However, 
for one indicator, Gag condition factor, the importance value changes significantly when 
error is introduced even though this indicator is only describing the trajectory of one 
functional group (and at that, even just one species) 
3.3.4 Interannual noise of assessed indicators 
Indicators that ranked the highest in terms of importance and robustness to error 
tend to be the ones that do not change significantly from year to year (i.e., lower 
interannual noise), while indicators that ranked low in terms of importance also tend to 
have a lot of interannual noise (Table 3.4).  For example, Forage fish age structure had 
the lowest importance value among all of the scenarios, both with and without error 
(Figure 3.3a, b. and c.).  It also shows the greatest distance traveled value (D), in 
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Euclidean space, among all of the 19 indicators assessed (Table 3.4) and so has a high 
degree of interannual noise.  
Our results show that there is an apparent overlap between indicators that have (1) 
a high importance value both with and without error, (2) are robust to error and, (3) have 
low levels of interannual noise.  We summarize the top five indicators ranked according 
to importance for the three fishing scenarios with and without error, the top 10 indicators 
that are most robust to error among the three fishing scenarios, and the top 5 indicators 
that have the lowest interannual noise (Table 3.5).  We choose to express the top 10 for 
the robust to error analysis because we wanted to illustrate that those indicators that were 
found to have both a high importance value as well as low interannual noise are still 
encompassed within the top 10 when they are ranked according to how robust they are to 
error. 
3.4 Discussion 
Indicators that can capture changes in ecosystem structure and function, such as 
the ones presented in this study, are valuable metrics for fisheries managers and 
stakeholders who wish to achieve sustainable management (Karnauskas et al. 2014).  At 
current fishing levels, there is apparently a swath of indicators closely linked in behavior 
- those that register the effects of fishing like mean trophic level, biomasses of various 
exploited species, catch and age structure.  Synchronized changes in these indicators 
point to common mortality drivers.  In particular, we see high redundancy among reef 
fish group indicators, which may reflect the non-selective nature of fishing gear.  
However, in fishing mortality scenarios that used higher or lower mortality rates than the 
status quo, the patterns of redundancies change.  At low fishing mortality, the information 
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carried in indicators diversifies resulting in fewer redundancies, which reveals itself in 
the ordination as more dispersed eigenvectors.  At high fishing mortality eigenvectors 
begin tracking together in four apparent directions, and these similar trends group 
indicators into 4 distinct categories: indicators of forage biomass, indicators of forage 
quality (age structure), indicators of exploited stock health, and indicators of non-
exploited stock health.  
The derivation of general classes, or categories of indicators is consistent with 
previous work attempting to distill a large list of potentially redundant indicators (Fulton 
et al. 2004).  Further, the four distinct categories of indicators derived in this study 
include indicators at both the community and ecosystem level, which has previously been 
found to be a requirement for providing comprehensive ecosystem assessments (Rice, 
2000; Rochet and Trenkel, 2003; Link, 2005; Methratta and Link, 2006).  Thus, we 
recommend that future monitoring programs include at least some representative 
indicator from each of these four categories. 
In an exploited system, there are some redundancies in the information carried by 
indicators (Fulton et al. 2005).  However, as our simulations dealt with a simple global 
increase in fishing it is difficult to say at what level of exploitation these redundancies 
manifest.  Therefore, caution is advised when trying to limit the number of representative 
indicators.  However, our results suggest that some indicators carry redundant 
information at any fishing rate.  For example, forage fish age structure and Menhaden age 
structure consistently show similar behavior.  At the other extreme, some indicators 
apparently carry unique information at any fishing rate.  Species richness and Gag 
biomass are consistently independent of the other indicators.  Gag biomass declines under 
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low fishing mortality because of increased competition amongst other reef fish predators 
(e.g. Lutjanidae and Deep serranidae) as they become more abundant in the modeled 
system.  Although different marine ecosystems likely require their own unique set of 
indicator metrics (Karnauskas et al. 2014), in general our results support previous 
conclusions regarding consistency in indicator performance (Jennings et al. 1999; 
Murawski, 2000; ICES, 2001; Rochet and Trenkel, 2003; Fulton et al. 2005; Methratta 
and Link, 2006). 
Gag biomass appears to be the only large carnivorous reef fish tracking 
independently, among the assessed indicators.  This reflects a unique biology and 
response to ecosystem dynamics, at least as modeled in Atlantis.  The degree to which 
this finding reflects reality could be settled by examination of survey time series data.  
Species richness tracks independently throughout PCAs because it is a conglomerate 
indicator, combining biomass of both high and low trophic level species into a single 
metric.  At higher levels of F, species richness increases with the increasing biomass of 
low trophic level fishes (e.g. small reef fish) as they become released from predation 
(although the opposite may occur with generalist predators, Heinlein et al. 2010).  At any 
rate, our results suggest that species richness carries unique information and should be 
included in monitoring plans.  
Our results show that Shannon biodiversity increases in importance as F 
increased.  This presents a good illustration of how fishing can dramatically influence 
ecosystem structure (Fulton et al. 2005).  Shannon is used to measure species evenness 
(Zhang et al. 2012), and the index is responding to an equalization of functional group 
biomass at high Fs.  When overfishing occurs in the simulation, population decreases are 
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restricted to a relatively small number of high trophic level functional groups (e.g. reef 
fish biomass).  Meanwhile, a larger number of low trophic level functional groups (e.g. 
forage fish biomass) begin to increase in abundance under the predation mortality release.  
Thus, while Shannon may be a reliable indicator of broad scale changes in the ecosystem 
(Shannon and Weaver, 1949), a mandated increase in ecosystem biodiversity as measured 
by this index may not necessarily be a desirable management objective.  A wise plan may 
consider biodiversity in restricted taxonomic guilds, so as to not include both predator 
and prey.  In this case, we might expect to see redundancies with other indicators of stock 
health. 
The top 5 indicators scoring highest in importance continue to rank within the top 
10 even after error is added throughout all F scenarios.  Further, we find that Red snapper 
biomass ranks in the top 5 most important for scenarios without error, and is ranked 
highly (i.e., at least in the top 10) even after error is introduced.  Thus, our results indicate 
that Red snapper biomass should be considered one of the most important indicators for 
explaining changes in F within the Gulf of Mexico ecosystem.  This is probably because 
they are a heavily fished (in 2010) and relatively slow-growing species (SEDAR 31, 
2013), so here the indicator predicts the overall exploitation status.   
Seven indicators were found to consistently rank in the top ten in F scenarios with 
error (Gag Age Structure, Red snapper biomass, Shrimp biomass, Menhaden Age 
Structure, Forage fish biomass, Forage fish Age structure and Elasmobranch biomass), 
making these indicators the most robust indicators to observation error.  Again, we find 
that Red snapper biomass ranks in the top five most robust to error category as well as in 
the top 5 most important category.  We also find Gag condition factor to be the least 
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robust to error.  However, Gag condition factor is the only condition factor evaluated in 
this study.  Future analyses should focus on age structure related indicators in order to 
determine whether their explanatory power is diminished in the presence of observation 
error.  This may also be an artefact of the modeling process as condition factor requires 
two inputs to calculate, reserve and structural nitrogen, both of which have added error. 
On a related note, we found that indicators whose importance values changes 
considerably after adding error tend to account for large scale changes in ecosystem 
structure (e.g. Reef fish catch, Pelagic to demersal ratio, Piscivore to planktivore ratio).  
This is likely due to the fact that when error is added, indicators that account for a large 
number of functional groups in the model reveal a cumulative effect (e.g. Piscivore to 
planktivore encompasses nearly every model functional group).  We are severely limited 
by model run time, but additional random draws could resolve the sensitivity of these 
synoptic indicators to error. 
Age structure metrics appear to be most sensitive to F, which seems realistic 
based on known dynamics associated with recruitment and/or growth overfishing (Pauly 
et al. 1998).  The most encouraging aspect of our findings (for fisheries managers) was 
that there appears to be a strong overlap between the indicators that have low interannual 
noise (requiring less frequent monitoring plans) and those indicators that are (1) most 
important and (2) most robust to error.  Indicators that were found to have low 
interannual noise and also a high importance value (e.g. King mackerel biomass) should 
be considered as more “economically appealing” to fisheries managers and scientists, as 
they are more predictable from year to year and would likely require monitoring plans 
that are less frequent than those indicators that have high interannual noise (Frost et al. 
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1992).  Indices that are more variable year to year may be confused by noise in the 
ecosystem and lead us to miss underlying trends. 
3.5 Conclusion 
We offer the following advice on indicator use in the GoM: 
 Forage fish and Menhaden age structure were consistently redundant in all the 
fishing scenarios assessed, and thus will likely elicit the same information on 
forage fish abundance. 
 Indicators that were not redundant with any other indicator (e.g. species richness) 
should be the focus of dedicated monitoring plans. 
 Shannon biodiversity carries unique information about the ecosystem, but may be 
more effective as an indicator if constrained within taxonomic guilds.  
 Red snapper biomass should be considered one of the most important indicators 
for explaining changes in F within the Gulf of Mexico marine ecosystem. 
 We find a good overlap between Reef fish catch, Red snapper biomass, King 
mackerel biomass and the Species richness indicators, all of which tend to rank 
highly in terms of their explanatory power (i.e., ‘importance’), their robustness to 
error and their low levels of interannual noise. These are candidates for 
monitoring. 
 There appears to be a strong overlap between the indicators that have low 
interannual noise (requiring less frequent monitoring plans) and those top seven 
indicators that are (1) most important and (2) most robust to error. 
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3.7 Tables 
Table 3.1. Atlantis model functional groups 
Category Functional Groups 
Reef Fish 
Gag Grouper, Red Grouper, Scamp, Shallow Serranidae, Deep Serranidae, Red Snapper, Vermilion Snapper, Lutjanidae, 
Bioeroding Fish, Large Reef Fish, Small Reef Fish 
Demersal Fish 
Black Drum, Red Drum, Seatrout, Small Sciaenidae, Ladyfish, Mullets, Pompano, Sheepshead, Snook, Flatfish, Cryptic Fish, 
Other Demersals 
Pelagic Fish 
Bluefin Tuna, Little Tunny, Other Tuna, Swordfish, White Marlin, Blue Marlin, Other Billfish, Carangidae, King Mackerel, 
Spanish Mackerel, Spanish Sardine, Large Pelagic Fish, Mesopelagic Fish  
Forage Menhaden, Pinfish, Medium Pelagic Fish 
Elasmobranchs Blacktip Shark, Benthic Feeding Sharks, Large Sharks, Filter Feeding Sharks, Skates and Rays 
Shrimp Brown Shrimp, White Shrimp, Pink Shrimp, Other Shrimp 
Seabirds Diving Birds, Surface Feeding Birds 
Mammals Manatee, Mysticeti, Dolphins and Porpoises, Deep Diving Odontocetae 
Turtles Loggerhead, Kemps Ridley, Other Turtles 
Structural Species Stony Corals, Crustose Coralline Algae, Octocorals, Sponges 
Macrobenthos 
Blue Crab, Stone Crab, Crabs And Lobsters, Large Crabs/Lobsters, Carnivorous Macrobenthos, Infaunal Meiobenthos, 
Benthic Grazers 
Filter Feeders Oysters,  Bivalves, Sessile Filter Feeders 
Primary Producers 
Epiphytes, Sea Grass, Macroalgae, Microphytobenthos, Large Phytoplankton, Small Phytoplankton, Toxic Dinoflagellates, 
Protists  
Pelagic Invertebrates Jellyfish, Squid, Large Zooplankton, Small Zooplankton 
Nutrient Cycle Carrion Detritus, Labile Detritus, Refractory Detritus 
36  
Table 3.2. Indicators relevant to the GoM and compatible with ecosystem model outputs 
Indicator Definition 
Primary productivity Combined biomass (tons) of large and small phytoplankton 
groups  
Zooplankton biomass Combined biomass (tons) of large and small zooplankton  
Menhaden biomass Biomass (tons) of Menhaden 
Forage fish biomass Combined biomass (tons) of menhaden, pinfish, medium and 
small pelagic fish in the GOM  
Gag biomass Biomass (tons) of Gag grouper  
Red snapper biomass Biomass (tons) of Red snapper  
King mackerel biomass Biomass (tons) of King mackerel  
Manatee biomass Biomass (tons) of Florida manatee  
Elasmobranch biomass Biomass (tons) of Elasmobranchs  
Commercial shrimp biomass Combined biomass (tons) of White, Brown and Pink shrimp  
Oyster abundance Biomass (tons) of oysters  
Seagrass abundance Biomass (tons) of seagrass  
Dolphin and porpoise abundance Biomass (tons) of dolphins and porpoises  
Marine bird abundance Combined biomass (tons) of surface feeding and deep diving 
birds  
Proportion of pelagic to demersal 
fish 
Calculated as the combined biomass of all pelagic fish 
divided by the combined biomass of all demersal fish.  Index 
is unitless. 
Ratio of piscivore biomass to 
benthivore and planktivore 
biomass  
Calculated as the combined biomass of all piscivores divided 
by the combined biomass of all benthivores and planktivores. 
Index is unitless.  
Modified species richness Calculated as the fraction of functional groups that have 
biomass (tons) that drops below 50% of the initial total 
biomass each year, divided by the total number of Atlantis 
model groups (91).  Units are # of groups. 
Shannon-Wiener diversity index Calculated as the standardized −(𝐵𝑖) multiplied by the 
natural log of 𝐵𝑖, where 𝐵𝑖  is the biomass (tons) for each 
functional group (TL > 2.2).  Index is a unitless measure of 
system entropy.  
Mean trophic level index (MTLI) Calculated as ∑(𝑇𝐿𝑖 x 𝐵𝑖)/(∑( 𝐵𝑖), where 𝑇𝐿𝑖 is the trophic 
level of each functional group (derived using Ecopath) and 𝐵𝑖 
is the mean annual biomass (tons) of each functional group. 
Units are trophic level. 
Gag grouper age structure; 
Red snapper age structure  
Calculated as the number of mature Gag grouper individuals 
(annually) divided by the number of immature Gag grouper 
individuals (annually).  Index is unitless. 
Forage fish age structure  Calculated as the number of mature forage fish individuals 
annually divided by the number of immature forage fish 
individuals annually. Index is unitless. 
Reef fish annual catch Total annual catch (tons) of the reef fish complex** Index is 
in tons. 
Forage fish annual catch Total annual catch (tons) of forage fish* Index is in tons. 
Gag grouper condition factor 
 
Calculated as the sum of the reserved nitrogen for all of the 
mature Gag age classes divided by the sum of the structural 
nitrogen for all mature Gag age classes. Index is unitless. 
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Table 3.3. Derived level of robustness to error (𝑅𝑖) for assessed indicators (grey shading 
represents the “top ten” most robust). The 𝑅𝑖 for the 19 indicators derived from the Fmult 
(or fishing mortality rate in 2010) in Atlantis (with and without added error) are ranked in 
order of least to greatest absolute change in variance explained (𝑈𝑠𝑐𝑎𝑙𝑒𝑑,𝑖). The 7 bolded 
indicators highlight the indicators that rank in the top 10 most robust, amongst all three 
fishing mortality scenarios.  
Indicator 
Fmult x1 
Robust to error  
(𝑅𝑖) 
Fmult x0.5 
Robust to error  
(𝑅𝑖) 
Fmult x2 
Robust to error  
(𝑅𝑖) 
Pelagic to demersal ratio 0.09% 2.20% 0.45% 
Forage age structure 0.13% 0.46% 0.15% 
Elasmobranch biomass 0.15% 0.47% 0.87% 
Dolphin biomass 0.15% 0.90% 3.09% 
Gag age structure 0.17% 0.16% 0.16% 
Forage biomass 0.35% 0.35% 3.01% 
Red snapper biomass 0.37% 0.22% 0.87% 
Menhaden age structure 0.45% 0.51% 0.09% 
Gag biomass 0.48% 1.05% 0.56% 
Shrimp biomass 0.50% 0.24% 0.51% 
Mean trophic level 0.60% 0.44% 0.91% 
Shannon biodiversity 0.62% 0.26% 2.85% 
Menhaden biomass 0.63% 0.28% 0.56% 
Zooplankton biomass 0.85% 0.66% 0.48% 
King mackerel biomass 0.89% 0.97% 2.25% 
Reef fish catch 1.05% 1.48% 0.22% 
Piscivore to planktivore ratio 1.33% 1.03% 4.40% 
Species richness 1.48% 1.55% 1.30% 
Gag condition factor 4.67% 4.23% 4.63% 
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Table 3.4. Derived interannual noise values (D), based on equations 1-3, which describe 
the sum of the Euclidean distance that each indicator traveled among the 31 simulation 
years. Indicators that have high interannual noise would need to be monitored more 
frequently than those indicators with smaller interannual noise metrics. 
Indicator 
Interannual noise 
value (D) 
Forage fish age structure 17.06 
Gag age structure 17.01 
Menhaden biomass 16.92 
Reef fish catch 16.82 
Piscivore to planktivore ratio 16.17 
Pelagic to demersal ratio 16.04 
Zooplankton biomass 15.87 
Gag biomass 13.69 
Mean trophic level 13.25 
Dolphin biomass 13.21 
Species richness 12.96 
Red snapper biomass 12.50 
Shannon biodiversity 12.35 
Gag condition factor 12.04 
Forage fish biomass 11.47 
Elasmobranch biomass 11.43 
Shrimp biomass 11.43 
Menhaden age structure 11.43 
King mackerel biomass 11.38 
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Table 3.5. Summary of results from statistical analyses, showing consistency among the 
derived top (in ranked order) indicators that are (1) most important under Fmult (F = 
fishing mortality in 2010), Fmult x0.5 and Fmult x2 both with and without error (top 5), 
(2) most robust to error (top 10), and (3) have the lowest interannual noise (top 5). Note 
that Red snapper biomass is found to be pertinent in nearly all analyses. 
Fmult x0.5 Fmult  Fmult x2 
Top 5 most important- scenarios without error 
King mackerel biomass Red snapper biomass Shannon biodiversity 
Red snapper biomass Reef fish catch Menhaden biomass 
Species richness King mackerel biomass Red snapper biomass 
Gag biomass Gag age structure Reef fish catch 
Gag age structure Mean trophic level Mean trophic level 
Top 5 most important- scenarios with added error 
King mackerel biomass Red snapper biomass Shannon biodiversity 
Species richness Reef fish catch King mackerel biomass 
Reef fish catch King mackerel biomass Menhaden biomass 
Gag biomass Species richness Species richness 
Piscivore to planktivore ratio Piscivore to planktivore ratio Piscivore to Planktivore ratio 
Top 10 most robust to error 
Gag age structure Pelagic to demersal ratio Menhaden age structure 
Red snapper biomass Forage age structure Forage age structure 
Shrimp biomass Elasmobranch biomass Gag age structure 
Shannon biodiversity Dolphin biomass Reef fish catch 
Menhaden age structure Gag age structure Pelagic to demersal ratio 
Forage biomass Forage biomass Zooplankton biomass 
Mean trophic level Red snapper biomass Shrimp biomass 
Forage age structure Menhaden age structure Menhaden biomass 
Elasmobranch biomass Gag biomass Gag biomass 
Menhaden biomass Shrimp biomass Elasmobranch biomass 
Top 5 least interannual noise 
 
King mackerel biomass 
Menhaden biomass 
Shrimp biomass 
Elasmobranch biomass 
Forage fish biomass 
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3.8 Figures 
 
Fig. 3.1. Gulf of Mexico Atlantis model polygon geometry (source: Ainsworth et al. 2015).  
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Fig. 3.2(a), (b) and (c). Principal component analysis (PCA) ordination plots show indicator as 
eigenvectors (PCA scores representing years are not plotted). Indicators with the longest 
eigenvectors are more important along PC axis 1 and/or PC axis 2. A) indicator performance 
under low fishing (Fmult x0.5), B) status quo fishing (Fmult x1), and C) increased fishing (Fmult 
x2). All scenarios show indicator performance under perfect knowledge of ecosystem structure 
(no observation error added).  
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Fig. 3.3(a) Indicator importance values for indicator metrics in the Fmult scenario with and 
without error. (3b) Indicator importance values for indicator metrics in the Fmult x0.5 scenario 
with and without error. (3c) Indicator importance values for indicator metrics in the Fmult x2 
scenario with and without error. Indicators are shown in rank order of importance (measured as 
percent variation explained) for Fmult scenarios without added error (black bars). Indicator 
importance values for indicators with added error are shown by grey bars. Indicators that are 
most important under both the error and no error trials are indicated with data labels. The error 
bars show the confidence intervals for the ten random error trials, and reflect the level of 
variability in the amount of random error picked up by each of the 19 indicators assessed here 
(no observation error added).  
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Chapter 4.  Evaluation of robust single-species harvest control rules for managing reef 
fish in the Gulf of Mexico 
 
4.1 Introduction 
4.1.1 The Gulf of Mexico and its current reef fish management strategies 
The Gulf of Mexico (GoM) is a biologically diverse and ecologically important marine 
ecosystem that supports a large abundance of fish, sea birds and marine mammals (Karnauskas, 
2013).  As the human population along the Gulf coast swells (Wilson and Fischetti, 2010; 
Bernstein, 2010), the GoM is increasingly becoming the focus of many (sometimes conflicting) 
human uses.  Historically, management of living marine resources has been conducted on a case-
by-case basis (Link, 2010), without consideration of any biogeochemical or trophodynamic 
processes driving abundance.  
Single-species assessments may not adequately capture uncertainty when targeted species 
are co-caught by fishing gear and interact strongly, as in a reef fish assemblage.  These 
shortcomings may be significant impediments to effective management of depleted and 
recovering stocks.  In the GoM, four reef fish stocks have been ‘overfished’ in recent years: Gag 
(Mycteroperca microlepis), Greater amberjack (Seriola dumerili) Gray triggerfish (Balistes 
capriscus), and Red snapper (Lutjanus campechanus) (GMFMC, 2013).  All four of these stocks 
have been under stock rebuilding plans developed by the Gulf of Mexico Fishery Management 
Council (GMFMC).  Since 1984, there have been multiple changes to the original Reef Fish 
Fishery Management Policies (FMPs) in the GoM, including the establishment of individual 
fishing quotas (IFQs), changes to gear restrictions and size limits and the implementation of total 
44  
allowable catch (TAC) limits.  
To date, data-rich, reef fish stocks (e.g. Red snapper) in the GoM are managed using 
acceptable biological catch (ABC) regimes (Schirripa et al. 2012).  Specifically, the South 
Atlantic Fishery Management Council’s Scientific and Statistical Committee (SSC) and the 
GMFMC primarily use the P* (or P-star) method to determine the size of the buffer between the 
overfishing limit (OFL) and the ABC for individual stock assessments (SEDAR, 2010).  The 
framework for the derivation of the P* method is explained in Caddy and McGarvey (1996).  In 
basic terms, the degree of safe exploitation for a stock is bounded by the limit reference point 
established using the P* method (Caddy and McGarvey, 1996).  Unfortunately, one major 
drawback of the P* method is that it tends to produce ABC’s that are very close to the OFL, as 
current harvest-control rules tend to assume zero variability in the limit reference point (i.e., the 
maximum degree of safe exploitation of a stock) (Shertzer et al. 2008; Prager et al. 2014).  Thus, 
the SSC is in the process of evaluating alternative fisheries management policies (Steven Atran, 
pers. comm.).   
4.1.2 The need for adaptive, ecosystem-based fisheries management strategies 
Fisheries managers have the potential to significantly improve reef fish management in 
the GoM through the use of ecosystem-based fisheries management (EBFM) strategies.  
Adaptive to changing conditions, EBFM strategies require consideration of ecosystem health, 
interagency cooperation, spatially explicit management measures and times-series analyses of 
fish stocks in a multi-species context (Brodziak and Link, 2002; Busch, 2003; Garcia et al. 2003, 
NOAA, 2003; FAO, 2003; Link, 2010).  EBFM approaches can be used to address the effects of 
fishing on food web structure, account for uncertain environmental variation, and to recognize 
the short and long-term tradeoffs associated with making regulatory choices (Busch, 2003; 
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NMFS, 2004; Link, 2010).  
One major obstacle facing fisheries managers is the lack of a priori knowledge regarding 
how a chosen management decision will impact the ecosystem as a whole.  However, there are 
now a suite of ecosystem simulators that can be used to address a wide range of conceptual, 
strategic and tactical hypotheses (e.g., Walters et al. 1997, Fulton et al. 2004a; Kazanci, 2007).  
For example, in the GoM, Ecopath with Ecosim, OSMOSE and Atlantis models are being used 
to incorporate multi-species considerations into the management decision process (Chagaris and 
Mahmoudi, 2013; Gray et al. 2013; Gruss et al. 2014).  The particular utility of full system 
models in an EBFM context is to represent an extensive suite of ecosystem processes that can 
impact the target species as well as non-target (or less valuable) species (Link, 2010).  
Representing these integrated, ecosystem processes is essential to EBFM, as these dynamics can 
largely influence fisheries productivity and safe harvest rates. 
An integral part of adaptive EBFM, management strategy evaluation (MSE) is an 
iterative process whereby the management decision making process is simulated (Figure 4.1).  In 
simulation, alternative management policies can be tested and their performance can be 
evaluated (Sainsbury et al. 2000).  Thus, in many ways the MSE is replicating the trial-and-error 
hypothesis testing approach advocated by Walters (1986).  Using this iterative procedure allows 
managers to ‘close the loop’ in the management decision-making process.  Evaluating the 
performance of management strategies can be conducted using trophodynamic ecosystem 
models, because these models can account for the many ecological interactions (predator-prey, 
competition for food and space, etc.) and provide quantifiable outputs that allow for evaluation 
of policy performance using ecological indicators (Masi et al. in review).  Thus, simulation 
results provide strategic guidance for managers beyond what is available from a single-species 
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approach.  For example, a recent study used a MSE framework within Atlantis modeling 
software (Fulton et al. 2004a) to account for trophic and environmental effects on productivity 
(Fulton et al. 2007, 2011; Smith et al. 2010; Smith et al. 2015).    
4.1.3 Aim of this study 
The MSE framework described by Sainsbury et al. (2000) is adapted for use in this study 
to evaluate the performance of robust single-species fisheries management approaches (shown to 
be robust in other systems, e.g. Parma, 2002; Deroba and Bence, 2008; Punt et al. 2008), to 
sustainably manage several reef fish in the GoM (Table 4.1).  Here, robust means the approach is 
insensitive to assumptions (i.e., observational uncertainty).  The species evaluated in this study 
are Gag, Red grouper (Epinephelus morio), Deep Serranidae (Serranidae spp.), Red snapper, 
Vermilion snapper (Rhomboplites aurorubens) and Lutjanidae (Lutjanidae spp., NEI).  
Throughout the rest of this paper we refer to these assessed reef fish groups as the ‘reef fish 
complex’.  EBFM metrics are used to quantify the ecological performance of managing the reef 
fish complex under a 2-point harvest control rule (HCR).  These HCR scenarios are then 
compared to Constant-F scenarios.  In the Constant-F scenarios, fishing mortality rate (F) is held 
constant at the 2010 fishing mortality rate over the entire simulation period (2010-2060).  
The solutions from both the HCR and Constant-F scenarios are used to develop 
equilibrium catch curves and to derive policy performance metrics for the reef fish complex (i.e., 
biodiversity and biomass).  Using these policy performance metrics we quantify the ecosystem-
level tradeoffs between an EBFM approach (using the HCR solutions) versus a single-species 
(using Constant-F) approach.  The results should provide managers and stakeholders with an 
evolvable tool to enhance the current, single-species approach to fisheries management through 
the evaluation of ecosystem-based, policy performance metrics such as assemblage biomass and 
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biodiversity.  
4.2 Methods 
4.2.1 Atlantis ecosystem model of the GoM 
Atlantis is an end-to-end model that dynamically simulates the physical, chemical and 
biological interactions within a marine ecosystem (Fulton et al. 2011).  Atlantis is fully age-
structured and spatially explicit in 3 dimensions.  A detailed accounting of Atlantis’ population 
dynamics and assumptions are provided by Fulton (Fulton, 2004; Fulton et al. 2007) and Link et 
al. (2011).  Here, we provide only a brief overview of key features that are relevant to this study. 
In this application, we use an Atlantis model to represent the GoM marine ecosystem, we 
project the model forward in time from initial conditions, representing the year 2010 (Ainsworth 
et al. 2015).  There are 91 model functional groups in the GoM Atlantis model. Each group 
consists of either individual species (e.g. Gag) or aggregated groups of species that share similar 
diets, habits or niches (e.g. small reef fish).  Vertebrate functional groups are tracked by numbers 
of individuals and mean body weight per individual, while invertebrate groups are treated as a 
single biomass pool.  The parameterization and calibration of the 2010 GoM Atlantis model used 
in this study is described in Ainsworth et al. (2015).  Drexler and Ainsworth (2013) set initial 
biomass distributions and Masi et al. (2014) and Tarnecki et al. (2016) developed the diet matrix.  
Atlantis requires a user-defined polygon map that distills the spatial domain into 
bioregions, called polygons.  The irregular polygon structure is computationally efficient in 
homogeneous space.  The polygon structure designed for the GoM Atlantis model includes 66 
polygons (Figure 4.2).  Each polygon has associated weightings, which represent the prevalence 
of certain physical habitat types.  The prevalence of biogenic habitat types (e.g., seagrass beds) is 
linked to the biomass of habitat-forming functional groups such as seagrass or corals.  Habitat 
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availability in the model impacts the distribution of functional groups during the dynamic 
simulations, according to a habitat affinity matrix.  
The Atlantis modeling framework consists of sub-models that represent ecology and 
fisheries (Fulton, 2004a).  In the fisheries sub-model, fishing fleets were assigned based on gear 
type, targeted species and selectivity patterns (Ainsworth et al. 2015).  There are roughly (i.e., 
closures can vary seasonally) 60 marine protected areas (MPAs) included in the 2010 model. 
Some additional key assumptions in the Atlantis modeling platform include the density 
dependent movement of predator functional groups toward areas with higher prey availability 
and seasonal and annual migration into (and out) of the model domain. 
4.2.2 MSE routine in Atlantis for evaluating 2-point HCRs 
MSE is an integrated routine in Atlantis.  The MSE routine is designed to simulate a 
‘closed-loop’ management decision making process.  It relies on a harvest control rule (HCR) to 
adjust F each year based on the available biomass of assessed functional group(s).  The MSE 
routine can be set up in Atlantis to assess an array of different HCRs.  However, in this study we 
were interested in the applicability of establishing robust, 2-point HCRs to sustainably manage 
targeted reef fish species in the GoM.  Like a feedback control, a 2-point HCR works by linking 
a control variable (F) to a state variable (e.g. total annual biomass) (Roel and Oliveira, 2007; 
Little, 2001; Froese et al. 2011; Eikeset et al. 2013).  Here, the control variable is defined as 
Fmult - an arbitrary scaler that is proportionate to the 2010 F rates derived in Ainsworth et al. 
(2015).  A typical, 2-point HCR follows a “hockey-stick” shape (Figure 4.3), and requires the 
prescription of both an upper biomass threshold and a lower biomass threshold.  In our 
application, the biomass thresholds are based on a fixed proportion of the initial (2010) biomass.   
Each year, the available biomass is passed (internally, within Atlantis) to the MSE 
49  
routine for each functional group in the reef fish complex.  We assume perfect knowledge in 
order to characterize the potential benefits of the 2-point HCR.  If the current biomass (B) is 
greater than the upper biomass threshold (𝐵𝑢𝑝), the maximum allowable fishing mortality is 
applied on that group, 𝐹𝑚𝑢𝑙𝑡, (e.g., 𝐹𝑚𝑢𝑙𝑡x0.5 refers to one half of the 2010 F) (Figure 4.3).  Here, 
𝐵𝑢𝑝 is a proportion of the 2010 biomass estimate for each assessed group.  When B is below the 
lower biomass threshold (𝐵𝑙𝑜𝑤), a fishing mortality rate of zero is applied. In this study, 𝐵𝑙𝑜𝑤  is a 
fixed proportion of the 2010 biomass estimate (i.e., 20% of the 2010 biomass) (Figure 4.3).  
When B is between the upper and lower thresholds, the fishing rate for the next year (F_current) 
is determined as in equation 4.1. 
 
𝐹𝑐𝑢𝑟𝑟𝑒𝑛𝑡 = 𝐹𝑚𝑢𝑙𝑡 ∙ (
𝐵−𝐵𝑢𝑝
𝐵𝑢𝑝−𝐵𝑙𝑜𝑤
+ 1)                 (Equation 4.1) 
 
In this equation, 𝐹𝑚𝑢𝑙𝑡 equals 𝑆, where 𝑆 is a unitless scaler.  In this application, we run 24 
HCR simulations in Atlantis where we vary 𝐹𝑚𝑢𝑙𝑡 and 𝐵𝑢𝑝.  These are applied to all 6 assessed 
reef fish groups. In total, we evaluate three variants on the upper biomass limit of the HCR (40%, 
60%, and 80% of the 2010 biomass by group).  Within each of those variants, we evaluate eight 
variants on the 𝐹𝑚𝑢𝑙𝑡; 𝑆 = 0.5, 0.8, 1, 1.5, 3, 12, 25 and 50 times the 2010 fishing rate by group.  
In all 24 simulations, the lower biomass threshold was held constant at 20% of the 2010 biomass 
value for each group. 
4.2.3 Constant-F scenarios in Atlantis 
In addition to the HCR scenarios we also run the GoM Atlantis model with constant F 
rates (Constant-F).  We applied the same eight F multipliers as in the HCR scenarios.  These are 
F=0.5, 0.8, 1, 1.5, 3, 12, 25 and 50 times the 2010 fishing mortality rates (applied to the six 
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exploited reef functional groups).  As a control, we also shut off fishing entirely (i.e., F = 0) for 
all groups.  Unlike the HCR scenarios, the Constant-F scenarios do not adjust F dynamically in 
response to biomass.  Thus, each year the model will try to fish the assessed groups at the 
prescribed F rate whether there is sufficient biomass available or not (i.e., the realized F is 
bounded by spatial and temporal constraints that limit the availability of a stock to a fishery over 
time).  Although it is unlikely that F would remain constant over extended periods of time in a 
‘real-world’ scenario, it is not unreasonable to assume that F could remain constant for several 
years since stock assessments for many species occur infrequently.       
4.2.4 Policy performance metrics 
The solutions from both the HCR and Constant-F scenarios were used to evaluate 
ecosystem-level tradeoffs: fishery and ecological performance.  To compare the EBFM approach 
(using a 2-point HCR) to a single-species management approach (using Constant-F), the fishery 
performance is evaluated using reef fish complex catch (in tons).  Here, reef fish complex catch 
equals the combined catch of the six reef fish groups per year, averaged over the last ten years of 
the simulation period.  The last ten years of the simulation are assumed to represent model 
equilibrium.  Masi et al. (2014) found that biodiversity metrics, reef fish catch, forage fish 
biomass and Gag biomass are good indicators for tracking changes in ecosystem dynamics due to 
fishing in the GoM.  Here, to evaluate the performance of the HCR and Constant-F scenarios, we 
use similar metrics to measure changes in ecosystem structure and function by deriving 
biodiversity metrics- using Kempton’s Q (Kempton and Taylor, 1976), and by quantifying the 
biomass and catch (in tons) for the reef fish, forage fish and Gag.  In addition, we develop 
equilibrium yield curves.  The Kempton’s Q index, a combined measure of species richness and 
evenness, was modified for use in ecosystem models by Ainsworth and Pitcher (2006).  Masi et 
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al. (in review) evaluate the performance of this indicator based on Atlantis outputs.       
4.2.5 Incorporating process uncertainty into MSE projections using randomized diets 
The 2-point harvest control rule is designed to respond to ‘shocks’ to fish stock dynamics 
caused by climate, recruitment, or trophic interactions.  Here, we test the performance of the 
HCRs under a variety of predator-prey interaction strengths, which leads to variability (i.e., 
noise) in stock dynamics.  To do this we randomize the diet matrix in the GoM Atlantis model.  
We use Monte Carlo resampling that draws from Dirichlet distributions that were fit to 
observational diet data in Masi et al. (2014).  This diet randomizing methodology is used for all 
diet observations obtained from stomach samples in Masi et al. (2014) and Tarnecki et al. (2016).  
For diet observations obtained from the literature (also described in Masi et al 2014), we draw 
from a normal distribution using a CV=0.4.  The diets were randomized in 10 independent 
random draws and applied to 10 new HCR simulations for the Fmult x0.5 (a low level of F) and 
the Fmult x3 (a high level of F) HCR scenarios.  Error was not added to the Constant-F scenarios, 
as this policy is only used for comparison purposes.       
4.3 Results 
4.3.1 Fishery performance- tradeoffs in catch 
Although we analyzed our HCR scenarios at different upper biomass thresholds we found 
that increasing the upper limit from 40% to 60% (or even 80%) of the reference biomass level in 
2010 had little effect on fishery performance (Figure 4.4).  Thus, we show only analyses that use 
a 𝐵𝑢𝑝 of 40% of the 2010 biomass estimates.  We do see differences between these upper 
biomass threshold conditions when analyzing outputs for Gag independently (discussed below).  
Although varying the 𝐵𝑢𝑝 had little impact at the reef fish complex level, varying Fmult 
did affect the fishery performance of the HCR solutions (Figure 4.4).  We found that applying 
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lower levels of Fmult (0.5, 0.8, 1 or 1.5) produce a stable ecosystem state that is distinct from the 
one produced by applying higher levels of Fmult (3, 12, 25 or 50).  The two different stable states 
achieved in the HCR scenarios are referred as ecosystem state 1 (ES1) and ecosystem state 2 
(ES2).  They have qualitative differences in ecosystem structure.  Both the ES1 and ES2 derived 
from the HCR scenario outputs show an increase in biomass for the reef fish complex relative to 
the Constant-F scenario model end-state, and ES2 even predicts a higher reef fish complex 
biomass for a given catch than the Constant-F solutions.  Thus, these HCR solutions offer a more 
Pareto efficient tradeoff frontier (Munro, 2007), where we show a higher level of reef fish catch 
and biomass is achievable under the HCR solutions (compared to the Constant-F solutions).  
Here, Pareto efficiency is defined as the circumstance where high levels of reef fish complex 
catch cannot typically be obtained without lowering biomass levels (e.g., Constant-F solutions 
showing a decreasing, linear trend in Figure 4.4).  The shift in the Pareto efficiency frontier is 
based on large-scale changes in ecosystem structure, led by increased productivity in the reef fish 
complex (as described in 3.2).  Differences in species biomass are described in the Ecological 
Performance section. 
By simulating Constant-F and HCR scenarios in Atlantis we were able to produce 
equilibrium yield curves for each assessed group (Figure 4.5).  To estimate Fmsy under the 
Constant-F solutions we fit a 3rd order polynomial to both the catch (closed circles) and biomass 
(open circles) trends for the HCR and Constant-F solutions (Figure 4.5).  Here, we plot the reef 
fish complex individually by group (Figure 4.5).  The Constant-F solutions predict that Fmsy for 
Gag, Red grouper, Deep serranidae Red snapper, Vermilion snapper and Lutjanidae is 
approximately 0.3, 0.45, 0.03, 0.35, 0.04 and 0.5 (yr -1), respectively.  The estimated Fmsy for 
Snowy grouper (Epinephelus niveatus) - an aggregate species in the Deep serranidae group, is 
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0.05 (SEDAR, 2013), for Red snapper is 0.53 (yr -1) (SEDAR, 2013), and for Lane snapper 
(Lutjanus synagris) - an aggregate species in the Lutjanidae functional group, is 0.25 (yr -1) 
(SEDAR, 2016).  It is typical for multi-species models to predict slightly lower Fmsy values 
(Walters et al. 2005; Link et al. 2012), as a plethora of ecosystem components are being 
considered concurrently.  Notably, when we analyze our results by functional group we found 
that only the HCR scenarios prevent overfishing  (i.e., biomass never fell below 20% of the 2010 
biomass level, or the lower biomass threshold) of the weaker (i.e., low biomass) stocks in the 
reef fish complex (Red grouper and Red snapper) (Figure 4.5).  
As an example of the HCR in action, we show the realized F in the Fmult x0.5 HCR 
scenario as Red snapper biomass declines below the upper biomass threshold (Figure 4.6).  
𝐹𝑐𝑢𝑟𝑟𝑒𝑛𝑡 remains low in consecutive years, as biomass has not recovered yet.  Thus, the realized F 
from the model continues to decrease as stock size goes down.  Note that the realized F in 
Atlantis is not exactly equal to 𝐹𝑚𝑢𝑙𝑡 since it is affected by a number of factors at run time (e.g., 
available biomass of targeted age classes, overlap of spatial fishing effort and biomass). 
4.3.1.1 Inclusion of Uncertainty in HCR model predictions 
We derive the mean and associated 95% confidence limits (shown as error bars) for the 
biomass and catch (in tons) of the reef fish complex from 10 randomized diet runs- for both the 
Fmult x0.5 and Fmult x3 HCR scenarios (Figure 4.7A. and B.). In the Fmult x0.5 HCR scenario, the 
lower limit from these 10 random diet draws is 432,863 tons and the upper limit is 613,976 tons, 
with a mean biomass estimate of 533,525 tons. In comparison, the biomass estimate for the reef 
fish complex in the Fmult x0.5 Constant-F scenario is only 273,475 tons. The mean catch estimate 
(in tons) for the reef fish complex in this same Fmult scenario is 15,567, whereas in the Constant-
F scenario it is 3,727. The mean of the Constant-F is far below even the lower limit (11,993 tons) 
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of this HCR scenario, among all 10 random draws. Comparable results are seen when evaluating 
the performance of the 10 randomized diet runs for the Fmult x3 HCR scenario against the Fmult x3 
Constant-F scenario.   
4.3.1.2 Evaluating fishery performance for Gag 
Evaluating the ecological performance of these policies for just Gag, our GoM Atlantis 
model predicts that under a 2-point HCR we would have higher Gag catch and biomass (in tons) 
than is predicted under any Constant-F scenarios (compare Figure 4.8 with Figure 4.5).  More 
interesting is that our GoM Atlantis model even predicts that we could achieve a higher 
maximum sustainable yield (MSY) under a more aggressive, 2-point HCR (i.e., a HCR with an 
upper biomass threshold of 40%, compared to 60% or even 80%) (Figure 4.8).  Here, a higher 
MSY is attainable because the productivity of the reef fish complex has fundamentally changed 
under the 2-point HCR (as described in 4.3.2) - thus changing the benchmark.  Such a policy 
would resemble the efficient ‘bang-bang’ harvest strategy mentioned by Clark and Munroe 
(1975).   
4.3.2 Ecological performance- tradeoffs in biomass and biodiversity 
The variation in log biomass across six species guilds is shown over the simulated time 
period (Figure 4.9).  Here, we have further aggregated most of our Atlantis model fish and 
invertebrate functional groups into six distinct species guilds for clarity (Assessed Reef groups, 
All Reef fish, Forage fish, Pelagic fish, Demersal fish and a Shrimp, Crab and Benthic 
Invertebrates).  Menhaden was omitted here, as its high biomass dominates the forage fish guild, 
but its biomass follows a similar overall trend as these forage fish (Masi et al. in review).  By 
looking at the changes in guild biomass in this way, we are able to depict a clear shift in 
ecosystem state under the HCR scenarios at equilibrium. 
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ES2 yields a higher reef fish biomass at equilibrium (1,979,421 tons) than the Constant-F 
equilibrium (529,169 tons).  It also yields a larger combined biomass for forage fish- Pinfish, 
Small Pelagic fish and Medium Pelagic fish (16,931,577 tons), than the Constant-F (1,818,198 
tons).  Notably, in the higher fishing mortalities HCR scenarios (Fmult = 3, 12, 25 or 50) the 
model predicts that the ES2 would outperform both the lower fishing mortality HCR scenarios 
(Fmult = 0.5, 0.8, 1 or 1.5) and all of the Constant-F scenarios in almost every guild (Figure 4.9).  
In all cases, the greater piscivorous biomass present at the end of the high-fishing mortality HCR 
scenarios can be attributed to a higher available biomass of prey.  In the high F scenarios for both 
Constant-F (shown in black) and HCR (shown in blue), the reef complex is overfished in years 
1-4 (Figure 4.10A. and B.).  However, during years 2-4 the reef complex groups are rebuilding –
scaled back under the HCR (when biomass is below the upper biomass threshold), until the stock 
rebuilds above the threshold (whereas under the Constant-F they continued to be overfished).  
During this rebuilding time in the high F HCR scenarios, predator biomass (i.e., the large, 
carnivorous reef fishes in the complex) is low.  Under this predation release, the biomass of the 
shrimp explodes (both the Other shrimp and White shrimp groups) (Figure 4.10B).  Within the 
model, these shrimp groups are the top prey items for the Lutjanidae group, and Other shrimp is 
the 2nd highest prey contributor to the Pinfish group (Masi et al. 2014).  Thus, at around year 5 
both the Lutjanidae and Pinfish groups increase in biomass.  This leads to an increase (around 
year 7) in Small pelagic biomass (Figure 4.10B), as Pinfish is their top prey item within the 
model (Masi et al. 2014).  There is now an abundant supply of the reef complex’s top prey items 
(i.e., the Lutjanidae, Shrimp, Pinfish and Small pelagic fish groups), allowing the reef fish 
complex to recover at a more productive ecosystem state (ES2) than is achievable under any of 
the Constant-F scenarios (see years 8+, Figure 4.10A. and B.).  Compared to the HCR scenarios, 
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the only guild showing a greater biomass in the Constant-F scenarios is the Shrimp, Crab and 
Benthic Invertebrates guild (Figure 4.9).  This is largely caused by a decrease in top-down 
controls as the large, carnivorous reef fish predators become overfished in the Constant-F 
scenarios.   
We derive annual Kempton’s Q values for the HCR outputs and the Constant-F scenario 
outputs, over the simulated time period (Figure 4.11).  We show that both the Constant-F and 
HCR solutions predict declines in biodiversity, as we remove the large, carnivorous reef fish 
predators under harvesting pressure.  The annual average Kempton’s Q value under the HCR is 
8.06, whereas under Constant-F the annual average is only 6.99.  In general, a drop in Kempton’s 
Q means big changes in ecosystem structure.  For example, a 0.5 drop in Kempton’s Q would 
indicate a large reduction in the number of high biomass functional groups.  In the final year of 
the simulation (year 50), when the ecosystem seems to have reached an equilibrium state, the 
Kempton’s Q value under the HCR is 7.63 and only 6.46 under the Constant-F policy (i.e., still 
higher under the HCR).  
4.4 Discussion 
In this contribution we demonstrated a potential alternative to the current single-species 
management paradigm through the application of a more robust EBFM approach to fisheries 
management (Parma, 2002; Deroba and Bence, 2008; Punt et al. 2008).  This example 
demonstrated the use of a robust, 2-point HCR to manage reef fish in the GoM. MSE 
methodology using EBFM policy performance metrics is also demonstrated.  In a fishery-
management context, a typical, 2-point HCR has defined upper and lower biomass limits and 
defined minimum and maximum rates of fishing.  These values can be agreed upon ahead of 
time by managers and industry to address a variety of needs for the fishery, such as maintaining 
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consistency in quotas, minimizing extinction risk or maximizing revenue.  The integrated 
modeling methodology used here can help quantify those risks and benefits.  Using an iterative, 
MSE framework within an end-to-end ecosystem model (Atlantis) of the GoM we were able to 
show that employing a 2-point HCR to manage GoM reef fish species can maintain biomass 
above a safety threshold and may actually improve catch and biomass averages over time.  
Further, our results show that using HCRs to manage the reef fish species could result in 
a more Pareto-efficient tradeoff frontier, where we achieve both higher biomass and higher 
catch.  Under the Constant-F scenarios a policy-maker would be required to make a ‘tradeoff’ in 
policy options to increase biomass or catch for the reef fish complex.  Investigation into the 
predation mortality outputs showed that the improved performance of the HCR simulations is 
driven by increases in forage fish productivity (largely from increased abundance of Pinfish and 
Small pelagic fish), and in increase in shrimp biomass under a decrease in top-down controls.  
This higher abundance in forage fish proliferates into increased productivity in the reef fish 
complex as the forage fish and shrimp, major prey items of reef fish (Masi et al. 2014), become 
more readily available..  
Establishing a robust reef fish HCR would be a less risky management policy than a 
policy that does not have any biomass thresholds in place (Parma, 2002; Deroba and Bence, 
2008; Punt et al. 2008).  However, it is important to remember that tradeoffs exist between 
species biodiversity and catch. Under either Constant-F or HCR scenarios, biodiversity decreases 
over time.  Although this loss in biodiversity is unavoidable under either harvesting policy, we 
show that biodiversity declines much more under a Constant-F policy than in the HCR scenarios.  
This implies that the catch is coming from a small number of dominant functional groups in the 
Constant-F scenarios, whereas the 2-point HCR is able to maintain a full “portfolio” of species 
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and fishes across the food web (Schindler et al. 2010), as well as higher biomass overall.  This 
has implications for ecosystem viability because diversity may make the ecosystem more 
resilient to ecosystem disturbance(s) (Schindler et al. 2010).   
In this application, biomass was derived annually for each of the six assessed groups 
using perfect knowledge.  However, we considered model uncertainty through randomization of 
the diet matrix.  The diet randomization aimed to introduce process error into the simulations, 
and our results demonstrate that the 2-point HCR was robust to this added process error- scaling 
back F to account for temporary declines in biomass below the lower biomass threshold.  We 
show that the HCR scenarios always outperform the Constant-F scenarios, under all ten random 
error draws.  This is because the Constant-F scenarios are not able to scale back F when biomass 
gets too low, as is possible under the 2-point HCR.  It is important to note that this study likely 
represents an idealized situation, as it is unlikely that fishery managers could perform stock 
assessments each year and adjust F accordingly for the subsequent year. One additional caveat is 
that the fishing rates prescribed by the HCRs were not constrained by realistic gear selectivity.  
For these reasons, simulations here represent the theoretical maximum benefit offered by this 
mode of management.  Future revisions will look at HCRs that assume imperfect knowledge by 
managers, caused for instance by lower frequencies of stock assessments or uncertainty in 
fishery selectivity.  
Results from this study should provide fishery managers and policy makers with a 
platform for testing EBFM policies for use in managing reef fish stocks in the GoM, and should 
provide a quantitative perspective on the tradeoffs associated with establishing 2-point harvest 
control rules (as an alternative to the current suite of single-species fisheries management 
policies) in the Gulf region. 
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4.6 Tables 
Table 4.1. The assessed reef fish Atlantis functional groups and the number of species 
represented in each group. 
Six assessed reef fish functional groups  
(‘reef fish complex’) 
Number of different 
species represented 
Gag (Mycteroperca microlepis) 1 
Red grouper (Epinephelus morio) 1 
Deep serranidae (Serranidae spp.) 15 
Red snapper (Lutjanus campechanus) 1 
Vermillion snapper (Rhomboplites aurorubens) 1 
Lutjanidae (Lutjanidae spp., NEI) 12 
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4.7 Figures 
 
Fig. 4.1. Management strategy evaluation (MSE) simulates the policy decision-making process 
virtually, and repeats annually.  
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Fig. 4.2. Gulf of Mexico Atlantis model polygon geometry (source: Ainsworth et al. 2015).   
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Fig. 4.3. Typical, 2-point (hockey stick) harvest control rule   
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Fig. 4.4. Comparing the average annual biomass over catch outputs for the reef complex 
(averaged across all reef functional groups analyzed, for years 40-50) for both the HCR and 
Constant-F scenarios shows that, (1) a more Pareto-efficient tradeoff frontier is achieved under 
the HCR scenarios, and (2) varying F creates two distinctly different ecosystem states (ES1 and 
ES2). 
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Fig. 4.5. Biomass (open circles) and Catch (closed circles) of each assessed functional group 
shown (to scale- for comparison purposes) over fishing mortality rate for both the HCR and 
Constant-F scenarios, where each point on the figure represent a different Fmult scenario.  
Biomass, Catch and F are averaged across the last 10 simulation years.  HCR and Constant-F 
solutions are used to produce equilibrium catch curves.  The HCR predicts higher catch at higher 
biomass levels than the Constant-F solutions.
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Fig. 4.6. The Red snapper biomass (tons) and realized F from the model over the time.  The 2-
point HCR successfully scales back F when the Red snapper biomass drops below the upper 
biomass threshold (40% of the 2010 biomass estimate).  The F rate continues to decrease as 
stock size declines.
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Fig. 4.7. The mean reef fish complex biomass (A) and catch (B) (averaged over the last 10 
simulation years) and associated 95% CIs (shown as error bars) from 10 randomized diet, 
uncertainty runs for the Fmult x0.5 and Fmult x3 HCR scenarios.
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Fig. 4.8. Derived equilibrium yield curve for Gag under the HCR scenarios, where catch and 
biomass are averaged over simulation years 40-50 (at equilibrium).  A higher Gag catch and 
biomass (tons) was achieved in the HCR scenarios than Constant-F scenarios, and a greater 
maximum sustainable yield (MSY) was achieved using a more aggressive 2-point HCR (i.e., an 
upper threshold of 40% is more aggressive).
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Fig. 4.9. Biomass difference between end state (average value between 2040 and 2050) and 
beginning state (2010) summed across all functional groups.  Functional groups have been 
aggregated into ecological guilds for clarity.  Note, Forage fish includes the Pinfish, Small 
pelagic fish and Medium pelagic fish guilds.  The ‘Assessed reef groups’ includes exploited 
species.
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Fig. 4.10A. Catch (in tons x 103) for the Gag (GAG), Red grouper (RGR), Deep serranidae 
(DSR), Red snapper (RSN) and Vermilion snapper (VSN) reef fish groups. The HCR scenario 
outputs are shown in blue, and the Constant-F is shown in black. The left-hand plots show 
outputs from an Fmult x3 (high F/ ES2 scenario). The right-hand plots show an Fmult x 0.5 (low 
F/ ES1 scenario), for comparison.
78 
 
 
Fig. 4.10B. Catch (in tons x 103) for the Lutjanidae (LUT) reef fish group, and biomass (in tons x 
103) for the Other shrimp, White shrimp, Pinfish and Small pelagic fish groups. The HCR 
scenario outputs are shown in blue, and the Constant-F is shown in black. The left-hand plots 
show outputs from an Fmult x3 (high F/ ES2 scenario). The right-hand plots show an Fmult x 0.5 
(low F/ ES1 scenario), for comparison.
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Fig. 4.11. Kempton’s Q values measured on an annual time step for HCR and Constant-F 
scenarios.
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Chapter 5. Conclusions 
The research presented in this dissertation examined ecosystem-based approaches to 
fisheries management in the GoM. Specifically, a trophodynamic ecosystem model- Atlantis, 
was employed to define ecological indicators sensitive to variable fishing mortality rates and to 
test the efficacy of managing GoM reef fish species under robust 2-point HCRs. My research 
highlights the importance of representing observational error and process uncertainty in an effort 
to more realistically predict the distribution and abundance of managed fishes and their response 
to harvesting.  The information presented in this dissertation can be taken into account as the 
design and implementation of ecosystem-based fisheries management strategies begin to be 
implemented in the coming years. 
In Chapter 2, I advanced a statistical procedure that describes the likely contribution of 
prey items to predators’ diet.  In data-limited situations, it is a more accurate representation of 
trophic linkages than simply averaging across stomach observations. Simply averaging across 
stomach samples tends to overestimate the contribution of rare prey items, and does not account 
for covariation between prey items (Masi et al. 2014).  The derived mode values from the 
marginal beta probability distributions, describe prey item in a predictor’s diet that are 
consistently and regularly fed upon.  This is important, as the behavior of ecosystem models 
(like Atlantis) hinges on an accurate representation of the predator-prey interactions occurring 
between modeled species (Pinnegar et al., 2005). Although these rare feeding events are still 
incorporated as input into Atlantis, we use the derived error ranges offered by the maximum 
likelihood estimation procedure in model tuning.  The results from this study allowed me to 
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construct a food web (Masi et al. 2014) which is a valuable stand-alone product for EBFM in 
the GoM and has supported subsequent modeling efforts (e.g., Tarnecki et al. 2016). 
In Chapter 3, I assessed a broad suite of ecological indicators to for use in tracking 
changes in ecosystem components within the GoM under variable levels of F.  From the initial 
list of 25 indicators (based on Fulton et al. 2005, Link et al. 2010, and Karnauskas et al. 2013), 
19 indicators were determined to be sensitive to variable levels of F.  Using a PCA on the 
distilled list of 19 indicators, I was able to, (1) find redundancies in the information conveyed, 
(2) rank indicators according to their ‘importance’ value (i.e., the amount of variability 
explained) and (3) evaluate their ‘robustness’ to observation error.   
PCA results obtained in this chapter prompt caution when trying to distill indicator lists 
that are based on statistical redundancies, as different levels of F were associated with different 
sets of redundancies among indicators.  Further, results obtained in Chapter 3 show that 
indicator eigenvectors begin tracking together in 4 distinct categories at high levels of 
exploitation. These 4 categories include, (1) indicators of forage biomass, (2) indicators of 
forge quality, (3) indicators of exploited stock health and, (4) indicators of non-exploited stock 
health and biodiversity. Seven of the 19 assessed indicators (Gag age structure, Red snapper 
biomass, Shrimp biomass, Menhaden age structure, Forage fish biomass, Forage fish age 
structure and Elasmobranch biomass) were consistently ranked in the top 5 ‘most important’ 
and top 10 ‘most robust to error’ category.  Thus, I advised that monitoring programs include 
plans for monitoring at least 1 of the top 7 indicators from each of the 4 categories.  Red 
snapper biomass was found to consistently rank as the most important indicator for explaining 
changes in F within the GoM (both with and without added error), and should therefore be the 
focus of dedicated monitoring programs.  This is probably because they are a heavily fished (in 
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2010) and relatively slow-growing species (SEDAR 31, 2013), so here the indicator predicts 
the overall exploitation status. Further, the results obtained in Chapter 3 elucidate a clear 
overlap between indicators that have low interannual noise (requiring less frequent monitoring 
programs) and indicators that are (1) most important and (2) most robust to error. This should 
make these top 7 indicators appealing and practical to fisheries managers and agencies.   
In Chapter 4, I used some EBFM metrics evaluated in Chapter 3 to quantify the ecosystem-
level performance of robust, (ecosystem-based) harvest control rules (Parma, 2002; Deroba and 
Bence, 2008; Punt et al. 2008) for managing reef fishes in the GoM.  This EBFM approach 
(Brodziak and Link, 2002; Busch, 2003; Garcia et al. 2003, NOAA, 2003; FAO, 2003; Link, 
2010) was evaluated under a management strategy evaluation framework (MSE) in Atlantis, 
which was adapted for use in this study from Sainsbury et al. (2000).  Comparing EBFM policy 
simulations to simulations that employ a similar policy to one that is currently in use, the results 
from this chapter illustrate the effectiveness of these robust HCRs in managing reef fishes in this 
region.  Specifically, I show that a more Pareto-efficient tradeoff frontier (Munro, 2007) is 
possible on the EBFM approach, where we could achieve both higher reef fish biomass and 
higher reef fish catch under a more productive ecosystem state. Further, the results show that the 
2-point HCRs preserve biomass above some “safety” threshold- potentially making these 
EBFM strategies less risky and more responsive to environmentally-driven fluctuations in stock 
productivity.  The objective of this chapter was to provide fishery managers and policy makers 
with a platform for evaluating and promoting EBFM policies.  The results from this study 
provide a quantitative perspective on the ecosystem-level tradeoffs associated with establishing 
2-point HCRs for managing reef fishes in the GoM (as an alternative to the current single-
species management paradigm). 
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The implementation of EBFM strategies still remains a challenge to fisheries managers 
and policy makers today (Essington and Punt, 2011).  However, as the current management 
paradigm begins to shift toward more holistic EBFM management approaches in this region (e.g. 
Chagaris and Mahmoudi, 2013; Gray et al. 2013; Gruss et al. in review), managers will need to 
continue to learn from and utilize information obtained from ecosystem models.  This is 
because ecosystem models- like Atlantis, allow us to conceptualize and also quantify the impact 
of fishing on ecosystem-level processes and interactions, in a multi-species context (Busch, 
2003; NMFS, 2004; Link, 2010).  Further, as illustrated throughout this research project, 
ecosystem models can be used to account for observational and process uncertainty, and to 
reveal the short and long-term tradeoffs associated with making various policy choices (Link, 
2010).  In summary, the results from this research should assist managers and policy makers in 
establishing more holistic, EBFM management strategies by providing critical, quantitative-
based evidence to support the implementation of policies that consider multi-species 
interactions.  
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